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Abstract 
 
The ability to estimate and map grain protein in cereal crops prior to harvest can benefit 
Australian grain growers. Segregation of grain by protein content can take advantage of price 
premiums, as well as to retrospectively assess the effectiveness of nutrient application 
strategies. This paper explores the relationships between hyperspectral data and grain protein 
content (GPC) in wheat (Triticum aestivum), with a view of developing predictive regression 
models. Canopy-scale, ground-based measurements of hyperspectral reflectance were obtained 
from samples located in the Formatin district of the Darling Downs, Queensland, Australia. 
Using partial least squares (PLS) regression, we investigated if the raw reflectance spectra, 
transformed data, and spectral vegetation indices (SVIs) could adequately predict grain protein 
content. The results showed that there are high correlations (e.g. r2=0.86, r2=0.81, r2=0.80) 
between reflectance data and grain protein. Cross-validated and tested PLS regression models 
produced low root mean square error of prediction (RMSEP) values (e.g. 0.5 percent GPC) 
and high prediction accuracy (e.g. 92%), confirming the usefulness of narrow-band spectral 
data. Bands in the near infrared (NIR) region were the most significant variables in the 
prediction. Despite the slightly higher correlation coefficients of SVIs, their predictive power 
for grain protein estimation was generally comparable with those of the raw spectra when 
analysed using PLS regression. 
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1. Introduction 
 
Grain protein content (GPC) in cereal crops is important for at least two reasons. Firstly, 
premium prices are paid for high protein grains. In Australia, for example, the “Australian 
Prime Hard” wheat (minimum protein level of 13%) attracted a price premium in June 2005 of 
about 12.5% above the price paid for the “Australian Premium White” wheat (minimum 
protein level of 10%) (Graincorp, 2005). Secondly, retrospective analysis of the combined 
grain protein and grain yield outcomes can identify the effectiveness of nitrogen (N) 
application strategies for cereal crops (Strong and Holford, 1997). For instance, wheat grain 
delivered with a protein concentration of <12.5% is likely to have been yield-limited by N 
supply, therefore fertiliser application or other agronomic interventions may be needed for the 
next cropping season. 
 
In-field spatial variations in grain protein content exist within cereal crops of Northern 
Australia (Strong et al., 2003, Stewart et al., 2002). Ideally, segregating grains at harvest, 
based on protein levels, would allow the grower to secure higher crop returns. Currently, there 
is limited opportunity to determine grain protein content prior to grain harvest. Remote 
sensing of canopy reflectance prior to harvest offers potential to forecast grain quality (Basnet 
et al., 2003; Hansen et al., 2002). Spectral reflectance from satellite or aircraft sensors could 
provide means for identifying areas in cereal crops of high and/or low grain protein. 
 
Hyperspectral remote sensing offers some potential to forecast grain protein from 
measurements of canopy reflectance. This form of data increases our ability to accurately map 
vegetation attributes previously not detectable with broadband multispectral sensors (see 
review of Kumar et al., 2001). The large number of narrow spectral bands provides scope for 
greater determination of canopy biochemical properties previously undetectable with 
broadband sensors. Studies have demonstrated that hyperspectral data and derived spectral 
vegetation indices (SVIs) are useful for general assessment of crop condition (Thenkabail et 
al., 2002), response to plant disease (e.g. Apan et al., 2004), response to soil properties (e.g. 
Ryan and Lewis, 2000), and weed-crop discrimination (Borregaard et al., 2000). 
 
In this study, we investigated proximal hyperspectral sensing of wheat canopies to examine 
whether spectral properties captured near wheat flowering can be used to predict the final 
grain protein content. The aim of this study was to assess the relationships between 
hyperspectral data and grain protein in wheat, with a view of developing predictive regression 
models. Specifically, the objectives were to: a) examine if wheat grain protein can be 
adequately predicted from field measurements of hyperspectral reflectance, b) determine the 
best spectral bands relevant to grain protein prediction, and c) compare the prediction 
accuracies and errors produced from using raw hyperspectral data, spectral vegetation indices 
(SVIs), and other data transformations. 
 
 
2. Use of remote sensing and reflectance data to predict grain protein 
 
A variety of uses for remote sensing in agriculture have been recently reviewed (Hatfield et 
al., 2004; Moran et al., 2004; Pinter et al., 2003). Reflectance data potentially can detect many 
physiological and biological crop functions and therefore offer various applications for 
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cropping. It can provide a measure of canopy characteristics, which can subsequently be used 
to derive variable nitrogen, fungicide and growth regulator application strategies (Scotford and 
Miller, 2005). Additionally, remote sensing may provide a more consistent, accurate and 
repeatable means to measure and map crop stress than visual assessment methods, as it can be 
used to repeatedly collect sample measurements non-destructively and non-invasively. 
 
Grain protein content is primarily determined by the crop’s nitrogen (N) supply (Strong 1981; 
Holford et al., 1992), although other factors, e.g. water supply, crop variety, and temperature, 
may also contribute to the crop’s final protein content. Consequently, N contained in plant 
tissue components, such as flag leaf, could be an  indicator of grain protein response (Tindal et 
al., 1995). In a study on vertical distribution of nitrogen in different canopy layers and their 
relationship with grain quality, Wang et al. (2005) found that leaf N in the top of the wheat 
canopy contributed significantly to grain protein content. 
 
Incidentally, remote sensing techniques, based on measuring the reflected radiation from plant 
canopies, have the potential of evaluating the N status of many plants (Daughtry et al., 2000; 
Scotford and Miller, 2005). Physiological changes in crops deficient or oversupplied with 
nitrogen could potentially alter the reflectance properties of the crop canopy. Typically, leaves 
with higher N content have stronger spectral reflectance in certain blue and NIR wavebands, 
and have lower response in the red wavelengths. In a study of an irrigated corn crop, a 
“nitrogen reflectance index” (NRI) from green and NIR reflectance was developed by Bausch 
and Duke (1996). Similarly for wheat, the maximum r2 obtained between plant tissue N and 
reflectance data was relatively high (0.78) (Wright, 2003). 
 
Compared with other crop attributes (e.g. yield, biomass, vigour, etc.), the use of remote or 
proximal sensing in grain protein estimation is less studied and rarely reported in the literature. 
In a study in China, the reflectance of Landsat TM short-wave infrared (band 5) derived from 
canopy spectra or image data was significantly correlated with grain protein content (r2 = 0.31 
and 0.37, respectively) (Zhao et al., 2005). In the US, remote sensing data from aircraft and 
the Quickbird satellite were correlated with plant tissue N and grain protein (Wright, 2003). 
The maximum r2 obtained was 0.36. In Australia, Basnet et al. (2003) reported that Landsat 
TM data was correlated with wheat and barley, with maximum r2 of 0.70 and 0.64, 
respectively. In a study in Denmark, no relation between the reflectance measurements and 
barley or wheat protein content was obtained (Hansen et al., 2002). 
 
Most of the reported studies used broadband multispectral sensors (e.g. Zhao et al., 2005, 
Basnet et al., 2003). In addition, the analyses were mostly focused on simple correlation 
analysis, with limited or no prediction and model validation components. Thus, it will be 
logical to evaluate hyperspectral sensing in grain protein prediction because of its enhanced 
capabilities for measuring vegetation physiological and structural properties. Similarly, the use 
of partial least squares (PLS) regression offers better abilities than traditional regression 
techniques for handling hyperspectral data, which has an inherent high collinearity. 
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3. Research methods 
  
3.1. Study area and data acquisition 
 
The study area was located on the property “Colonsay” (27.47°S, 151.40°W), on the central 
Darling Downs region of Queensland, eastern Australia. It was a fertiliser experimental trial 
established to monitor long-term effects of nutrient applications including nitrogen, 
phosphorus and sulfur. The site is located on a deep, heavy-clay black Vertosol (Isbell, 1996) 
described as a Waco soil series (Harris et al., 1999). 
 
Two experiments were operating concurrently at the Colonsay site, a N x P experiment, and an 
S experiment.  There were a total of 120 plots over 3 replicates in a randomised block design. 
In 2003, the site was sown to wheat (Triticum aestivum) cv. Strzlecki on 20 June, using 250 
mm row spacing. 
 
The N x P experiment consisted of a factorial combination of 4 N rates (0, 40, 80, 120 kg/ha. 
crop), applied either pre-plant (PP) or at-sowing (AS), at 4 P rates (0, 5, 10, 20 kg/ha crop).  N 
was applied as urea (46% N) and P as triple superphosphate (20.7% P). Urea was band-applied 
at-sowing to the side of the seed row. Potassium sulfate (41% K, 18% S) was applied at 300 
kg/ha to supply S. The S experiment consisted of 0, 10, 20, 30 kg S/ha/crop as ammonium 
sulfate (20% N, 24% S), band applied pre-plant.  Urea was applied to provide the equivalent 
total N rate of 80 kg N/ha/crop. Phosphorus was applied with seed at-sowing at 10 kg 
P/ha/crop as triple superphosphate. 
 
Contrasting appearances of the crop with and without supplementary nutrients are shown in 
Figure 1. 
 
   
(a)      (b) 
Figure 1. Sample photographs of (a) wheat crop applied with 120kg/ha N and 20kg/ha P, and b) with 0kg/ha N 
and 0kg/ha P. 
 
At 81 days after sowing (DAS), the measurements of canopy-level reflectance were obtained 
using dual Analytical Spectral Devices (ASD) portable field spectro-radiometers. The first 
device, operating in the visible to near infrared (VIS-NIR) regions, allowed the capture of 
reflectance from 350-1100nm in 1 nm increments. The second device, a near infrared-
shortwave infrared (NIR-SWIR) radiometer, allowed the capture of reflectance from 1050-
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2500nm. A selection (22) of experimental plots for comparative reflectance measurements 
maximised variation in crop supplies of N, P and S, thus impacting potential grain protein 
content. 
 
At each hyperspectral sampling event, the sensor was located about 0.5 m above the canopy to 
record the averaged spectra within a 0.2 m diameter on the canopy. Reflectance was captured 
between 10am and 2pm to maximise the suitability of the sun’s elevation and azimuth. Where 
clouds interfered with the measurement process, additional calibrations were taken against a 
Spectralon reference plate. All reflectance readings were taken in central rows (3 or 4) of each 
plot comprising 9 rows of wheat spaced 0.25 m apart. 
 
The crop was machine harvested at 155 DAS and grain samples collected from each plot.  
Grain samples were analysed for moisture and protein using a Kjeldahl digest. Grain protein 
was thus an average of the whole plot and was corrected to the industry moisture standard, i.e. 
12% for wheat. 
 
3.2 Data processing 
 
Reflectance measurements from the two spectrometers were combined using a 4th order 
polynomial function to obtain responses covering the 341 to 2500nm wavelengths. Thereafter, 
a series of “cleaning” operations were implemented using a spreadsheet program: a) removal 
of overlapping portions in the near-infrared bands, b) exclusion of very short wavelengths 
(341-399nm) and strong water vapour absorption bands (1356-1480nm; 1791-2021nm; 
2396nm and beyond), and c) exclusion of outliers that showed uncharacteristic reflectance 
response compared with other  samples. Measurements were thus reduced to a data array of 32 
samples x 1,982 bands. To facilitate visual examination and comparison of reflectance spectra, 
the data were grouped into two classes: high grain protein (>13.5%) and low grain protein 
(<13.5%). It is important to note that these groupings were not implemented in the regression 
analysis part of this study. 
 
A total of 27 spectral vegetation indices, listed by Apan et al. (2004), were calculated from 
reflectance responses (Table 1). Indices represented each of the three main regions of the 
electromagnetic spectrum, i.e. VIS, NIR, and SWIR regions, each of which is associated with 
specific plant attributes, such as plant pigments, internal leaf structure and moisture content. 
Vegetation indices have been found to be related to plant biophysical properties, such as leaf 
area index, percent green cover, green biomass, or capacity of canopy to absorb 
photosynthetically active radiation (e.g. Tucker, 1979). 
 
 
Table 1. Spectral vegetation indices used in this study (see Apan et al., 2004 for the sources of indices) 
Name Formula 
1. Simple Ratio (SR) 750/705 Ra750/R705 
2. SR 800/550 R800/R550 
3. Normalised Difference (ND) 750/660 (R750-660)/(R750+R660)  
4. ND 800/680 (R800-R680)/(R800+R680) 
5. ND 750/705 (R750-R705)/(R750+R705) 
6. Modified SR (MSR) 705/445 (R750-R445)/(R705-R445) 
7. Modified ND (MND) 750/705 (R750-R445)/(R750+R705-2R445) 
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8. SR 750/550 R750/R550 
9. Modified Chlorophyll Absorption in 
Reflectance Index (MCARI) 
[(R700-R670)-0.2(R700-
R550)](R700/R670) 
10. Transformed Chlorophyll Absorption in 
Reflectance Index (TCARI) 
3[(R700-R670)-0.2(R700-
R550)(R700/R670)] 
11. Optimised Soil-Adjusted Vegetation Index 
(OSAVI) 
(1+0.16)(R800-
R670)/(R800+R670+0.16) 
12. Ratio TCARI/OSAVI TCARI/OSAVI 
13. Plant Senescence Reflectance Index (PSRI) (R680-R500)/R750 
14. Structure-Insensitive Pigment Index (SIPI) (R800-R445)/(R800-R680) 
15. Photochemical Reflectance Index (PRI) (R531-R570)/(R531+R570)  
16. Pigment Specific SR (Chlorophyll a) (PSSRa) R800/R680 
17. PSSR (Chlorophyll b) (PSSRb) R800/R635 
18. SR 695/420 R695/R420 
19. SR 695/760 R695/R760 
20. Disease-Water Stress Index 1 (DSWI-1) R800/R1660 
21. DSWI-2 R1660/R550 
22. DSWI-3 R1660/R680 
23. DSWI-4 R550/R680 
24. DSWI-5 (R800+R550)/(R1660+R680) 
25. ND Water Index  (NDWI) (R860-R1240)/(R860+R1240) 
26. Water Index (WI) R900 / R970 
27. Moisture Stress Index (MSI) R1600 / R820 
a R = reflectance 
 
 
3.3 Partial least squares regression 
 
Using the Unscrambler 9.1 software (CAMO, 2004), the predictive power of the relationship 
between grain protein and hyperspectral response was assessed using a Partial Least Squares 
(PLS) Regression. PLS is a bilinear modelling method for relating the variations in one or 
several response variables to the variations of several predictors (Esbensen, 2002). Unlike the 
classical multiple regression technique, PLS performs particularly well when the various 
predictor X-variables have high correlation (“multi-collinearity problem”) and that the number 
of predictor variables is greater than the number of samples (“wide and short” data tables), 
which are features of multispectral  or hyperspectral data (Mather, 2004, p. 149). 
 
In PLS regression, information in the original X-data (independent variables) is projected onto 
a small number of underlying (“latent”) variables called PLS components or factors. The PLS 
method was originally developed as an extension of the more familiar principal component 
analysis (PCA). It is a technique often used in chemometrics or spectroscopy, being applied to 
develop calibration equations to predict chemical composition of a sample from NIR spectra 
(e.g. Reeves, 2001; Downey et al., 2002). 
 
Regression analysis was preceded by detection and elimination of outliers, using a suite of 
plots and statistics available in the software (score, residual, and leverage plots); and only a 
few outliers were suspected. Reflectance responses were further scrutinised for their time of 
capture relative to spectrometer calibration. Three out of 32 samples were excluded for the 
above reasons. A training set of 24 samples (i.e. used for model calibration and cross-
validation) were selected randomly, while the remaining 5 samples were used as a test set. 
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Reflectance data was transformed by three procedures: a) first derivative of raw reflectance 
spectra, b) multiplicative scatter correction (MSC) (Geladi et al., 1985) of raw reflectance 
spectra, and c) using the wavelengths or SVIs identified by the Martens’ Uncertainty Test 
(Martens and Martens, 2000). Derivatives involve the calculations of the slope of the 
reflectance spectra, and are useful for locating the absorption features and inflection points on 
the spectra. MSC transformation compensates for multiplicative and/or additive scatter effects 
in data. Martens’ Uncertainty Test was used to identify significant X-variables (Martens and 
Martens, 2000). 
 
Model validation is essential if the model is to be used predictively (i.e. for prediction error 
estimation) and to avoid over-fitting or under-fitting that often results in a lower quality of 
prediction (Esbensen, 2002). Full cross-validation (leave-one-out) technique was applied due 
to the relatively low number of samples. This was carried out in the following sequence: a) 
one sample is omitted from the calibration, b) a model is made from the remaining measures, 
and c) finally, the omitted measurement was used to predict using the model. This is repeated 
until all samples have been omitted once. 
 
The performance of each PLS model was measured by calculating the root mean square error 
of prediction (RMSEP). A measure of the average difference between predicted and measured 
response values, it can be interpreted as the average prediction error, expressed in the same 
unit as the original response value (CAMO, 2004). In this study, since the dependent variable 
(grain protein content, GPC) was measured in “percent”, the RMSEP value will be likewise in 
“percent” and will be designated as “percent GPC” in this paper. The RMSEP values between 
datasets can be compared to determine which PLS regression model is better than others, 
regardless of how the models were made with regards to weighting, pre-processing, or the 
number of components used (Esbensen, 2002). It can be calculated as follows: 
 
n
yy
RMSEP
pm
2)(∑ −
=  
 
where ym is the measured grain protein content, yp is the grain protein predicted by the 
modelled relationship, and n is the number of measurements in the training sample set (during 
calibration or cross-validation) or test sample set (during prediction). 
 
 
4. Results and discussion 
 
4.1. Reflectance properties and correlations 
 
The mean reflectance values of wheat canopies resulting in high grain protein content 
(>13.5%) showed a good spectral separability from canopies resulting in low grain protein 
content (Figure 2). While differences can be observed in the visible (400-700nm) and far end 
of the SWIR (2030-2395nm), it was the NIR (700-1300nm) region that displayed the greatest 
difference, indicating its potential for predicting grain protein content. Visually, these crops 
with higher grain protein samples matched up with the greener and healthier plots displaying 
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higher biomass. The significance of the NIR wavelengths in this case concurred with the 
knowledge that the NIR reflectance increases when there is an increase of leaf area, foliage 
density, and other changes in canopy structural characteristics (e.g. Kollenkark et al., 1982; 
Gausman, 1974). 
 
Similarly, the reflectance in the NIR wavelengths produced the highest correlations and 
coefficient of determination (r2) values between grain protein and reflectance (Figure 3 and 
Table 2). The highest values in the list of the raw NIR spectra includes 935nm (r2=0.76) and 
1122nm (r2=0.76), including the neighbouring wavelengths, such as 933nm, 934nm, 935, 
1123nm, 1124, etc. (Table 2). The highest r-square values for the VIS region include 400nm 
(r2=0.45) and 668nm (r2=0.43), including wavelengths closer to them, i.e. 663nm, 660nm, 
665nm, and 403nm, etc. For the SWIR wavelengths, they have generally higher r-square 
values than the VIS spectra, i.e. 1355nm (r2=0.70) and the neighbouring wavelengths (Table 
2). The highest r-square values obtained in this study are higher than those previously reported 
for broadband Landsat and Quickbird satellite-captured data (Zhao et al., 2005; Basnet et al. 
2003; Wright, 2003). 
 
Table 2 shows that the spectral vegetation indices have generally higher r2 values with grain 
protein than the raw hyperspectral data, i.e. SR800_550 (r2=0.86), SR750_705, (r2=0.81), and 
MSR705_445 (r2=0.80). In fact, the r2=0.86 value is higher than any r2 value we found in the 
literature. The above indices involved wavelengths in the NIR and VIS regions, and were 
transformed by ratioing. The high r2 values suggest that the transformations applied to each 
index have helped to enhance the statistical association between the reflectance data and grain 
protein content. However, in retrospect, it was the relationship between the reflectance data 
and wheat canopy that were established, and then “carried over” with the grain protein content 
at harvest. Apparently, crops with high green biomass (consequently high plant tissue N) are 
those that result in higher grain protein (e.g. Tindal et al., 1995; Wang et al., 2005). Vegetation 
indices of hyperspectral data appear to have captured variation in final grain protein quite 
well, although their predictive ability will need to be tested.  
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Figure 2 .Wheat canopy reflectance (mean) of samples with high (>13.5%) and low (<13.5%) grain protein 
content at harvest 
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Figure 3. Coefficient of determination (r2) between grain protein content and raw hyperspectral data 
 
 
Table 2. The highest ten (by region) coefficient of determination (r2) between grain protein content, raw 
hyperspectral data, and spectral vegetation indices (n=24). 
VIS Region 
(400-
700nm) 
r2 NIR Region 
(700-
1300nm) 
r2 SWIR Region 
(1300-
2500nm) 
r2 SVI r2 
400nm 0.45 935nm 0.76 1355nm 0.70 SR800_550 0.86 
403nm 0.43 1122nm 0.76 1354nm 0.68 SR750_705 0.81 
668nm 0.43 1123nm 0.76 1353nm 0.67 MSR705_445 0.80 
663nm 0.43 1124nm 0.76 1351nm 0.67 DSWI3 0.79 
660nm 0.43 1125nm 0.76 1352nm 0.67 PSSRb 0.77 
665nm 0.43 933nm 0.76 1350nm 0.66 ND750_705 0.73 
667nm 0.43 936nm 0.76 1349nm 0.64 OSAVI 0.72 
670nm 0.43 1126nm 0.76 1348nm 0.62 PSSRa 0.70 
671nm 0.43 1121nm 0.75 1347nm 0.61 MND750_445 0.70 
675nm 0.43 934nm 0.75 1346nm 0.61 ND800_680 0.65 
 
 
4.2. Prediction of grain protein content 
 
The PLS regression results on the training data set demonstrated the potential to predict the 
final grain protein content (GPC) from proximal hyperspectral data. There was a high 
correlation between predicted and measured values for the calibrated and validated samples, 
i.e. r=0.89 to 0.99 and r=0.85 to 0.96, respectively (Table 3 and Figures 4 and 5). The root 
mean square error of calibration (RMSEC) and prediction (RMSEP) were relatively low (i.e. 
from 0.27 - 0.97 percent GPC), indicative of the good prediction accuracy (85-92%) of the 
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regression models. The optimal number of PLS factors (components) was minimal, i.e. 
ranging from a) one component for the first derivative spectra and SVI (Marten’s Significant 
Variables), and b) six components for the raw spectra and SVI. These components were able 
to explain the dependent variable (Y) variance fairly sufficiently (i.e. from 74.2% to 94.0%), 
given that the original data has 1,982 independent (X) variables. These few components, 
selected from the original 1,982 X-variables, were able to adequately explain high proportion 
(74.2% to 94.0%) of the Y-variance. 
 
 
Table 3. Results of PLS regression of grain protein and hyperspectral data using the training sample set (n=24) 
Calibration 
 
Cross-Validation 
(leave-one-out) 
Data Optimal 
No. of 
PLS 
Factors 
Correlation 
(r) 
RMSEC 
value 
 
Correlation 
(r) 
RMSEP 
value 
 
Accuracy of 
Prediction 
(%) 
% of Y 
Variance 
Explained 
Raw Spectra 6 0.99 0.27 0.93 0.67 90 87.6 
First Derivative of Raw 
Spectra 
1 0.89 0.82 0.85 0.97 85 74.2 
Multiplicative Scatter 
Correction of Raw Spectra 
5 0.96 0.50 0.89 0.83 
 
88 81.0 
Raw Spectra (Marten’s 
Significant Variables)  
5 0.98 0.34 0.96 0.50 92 94.0 
        
Spectral Vegetation 
Indices (SVI) 
6 0.98 0.35 0.94 0.62 
 
91 90.0 
SVI (Marten’s Significant 
Variables) 
1 0.94 0.60 0.93 0.66 90 88.81 
Correlation (r) is between predicted and measured values 
RMSEC – root mean square error of calibration 
RMSEP – root mean square error of prediction 
Range of protein values = 9.4% to 16.0% 
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Figure 4. Predicted vs. measured grain protein values (r=0.93) from the PLS regression model (with cross 
validation) involving raw hyperspectral data. 
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Figure 5. Predicted vs. measured grain protein values (r=0.94) from the PLS regression model (with cross 
validation) involving spectral vegetation index (SVI) values. 
 
 
The PLS models developed from the training set performed well for the test sample set 
(Tables 4 and 5). The correlations between predicted and measured values range from r=0.73 
to 0.93. The best root mean square error of prediction (RMSEP) obtained was 0.65 percent 
GPC for the first derivative of raw spectra, with corresponding prediction accuracy of 86%. As 
in the training sample set, the same number of optimal PLS factors were obtained in the test 
set, i.e. one to six components. While the overall results from the test set were comparatively 
inferior to the training set, it shows that the best RMSEP of 0.65 percent GPC was still 
reasonably low and acceptable. (The mean and the standard deviation of the test set samples 
were 11.92 and 2.04 percent GPC, respectively.) 
 
 
Table 4. Results of applying the PLS model for predicting grain protein using the test sample set (n=5) 
Data No. of 
PLS 
Factors 
Correlation (r) RMSEP 
 
Accuracy of 
Prediction, 
% 
Raw Spectra 6 0.73 1.26 74 
First Derivative of Raw Spectra 1 0.98 0.65 86 
Multiplicative Scatter Correction of Raw Spectra 5 0.77 1.18 75 
Raw Spectra (Marten’s Significant Variables)  5 0.75 1.20 75 
     
Spectral Vegetation Indices (SVI) 6 0.93 0.80 83 
SVI (Marten’s Significant Variables) 1 0.88 0.86 82 
Correlation (r) is between predicted and measured values 
RMSEP – root mean square error of prediction 
Range of protein values = 9.5% to 14.3% 
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Table 5. The predicted and reference values for the test sample set using the first derivative of raw spectra and 
SVIs 
Sample Predicted Reference Difference 
First Derivative of Raw spectra 
1 9.47 9.54 -0.07 
2 10.55 10.09 0.46 
3 13.53 14.30 -0.77 
4 11.89 12.49 -0.59 
5 12.20 13.17 -0.97 
SVI 
1 9.83 9.54 0.29 
2 10.51 10.09 0.42 
3 14.07 14.30 -0.23 
4 11.17 12.49 -1.32 
5 12.09 13.17 -1.08 
 
 
 
4.3. Comparison of raw, SVIs, and transformed data 
 
For the training set, Table 3 shows that the prediction performance of the raw reflectance 
spectra was generally similar to that of the vegetation indices. The raw spectra achieved an 
RMSEP of 0.67 percent GPC and a prediction accuracy of 90%. Conversely, the spectral 
vegetation indices attained an RMSEP value of 0.62 percent GPC and a prediction accuracy of 
91%. Even the best results for the raw spectra and the SVI data, the RMSEP values of 0.50 
and 0.62 are relatively close. These correspond to prediction accuracy of 92% and 91%, 
respectively. However, with the test set, the performance of the raw spectra and its transforms 
was relatively different from the SVI data (Table 4). The majority of the raw spectra data had 
RMSEP values above 1.0 percent GPC, corresponding to prediction accuracy of <76%. The 
SVI data consistently exhibited better accuracy. Still, for the best results among the raw 
reflectance spectra datasets (first derivative), the RMSEP and prediction accuracy values are 
closer with the SVI results. 
 
As these RMSEP and prediction accuracy values are quite similar, it can be generalised that 
the raw spectra and SVI datasets have comparable predictive power for grain protein when 
analysed using PLS regression. This suggests that the transformations applied to vegetation 
indices did not make a significant difference in model prediction (Tables 3 and 4), although 
the correlation coefficient values were slightly higher for SVIs (e.g. r=0.86 vs. r=0.76 in Table 
2). In hindsight, however, the raw spectral reflectance data was not really “raw”: it was 
actually transformed during the PLS regression. The information in the original X-data was 
projected onto a small number of variables analogous to principal component transformation 
(Esbensen, 2002). Incidentally, Basnet et al. (2003) found that the first principal component of 
Landsat data (images of in-season crop canopies) attained the highest correlation coefficient 
with grain protein for barley and wheat crops (r=-0.84 and r=-0.80, respectively). 
 
Considering the results from the raw reflectance spectra of the training set, the first derivative 
transformation and the multiplicative scatter correction (MSC) did not improve the RMSEP 
and prediction accuracy values. For example, while the number of optimum PLS factor was 
reduced from six to one for the first derivative transformation, its RMSEP was higher (0.97) 
and the accuracy was lower (85%) than the raw spectra. However, for the test set results, the 
first derivative transformation has the lowest average prediction error (0.65) and the highest 
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accuracy (86%). The MSC results were also higher than the raw spectra, although marginally. 
Therefore, the contrasting results of the dataset’s performance between training set and test set 
needs to be investigated further. The effect of sample size (since test set in this study has n=5) 
needs to be considered. 
 
4.4. Significant spectral bands and indices 
 
Based on the regression coefficient plot and by the results of Martens’ Uncertainty Test, the 
most significant spectral bands for grain protein prediction, in descending order, were as 
follows: a) 710-754nm, b) 890-960nm, c) 1020-1055nm, d) 662-680nm, e) 545-580nm, and f) 
few wavelengths in the SWIR (Figure 6). From this list, the first three sub-regions correspond 
to those wavelengths in the NIR region. This agrees with the results of the correlation analysis 
presented earlier, showing that the NIR wavelengths produced the highest correlations and 
coefficient of determination (r2) values between grain protein and reflectance. On the other 
hand, the contribution of the bands in the VIS region should not be discounted. There are still 
two VIS sub-groups listed above, i.e. the 662-680nm (the red bands associated with 
chlorophyll absorption) and the 545-580nm (around the green bands related to vegetation 
green peak), that can enhance or complement the NIR bands. For some wavelengths in the 
SWIR region flagged as significant, this result may be due to the relatively noisy signal 
recorded in this region. 
 
The most significant vegetation indices: a) SR800_550, b) SR750_705, c) PSSRb 
(SR800_635), and d) SR750_550 (Figure 7). Interestingly, all of these best performing indices 
share two things in common: they use simple band ratio, and the spectral bands used for each 
index involve NIR and VIS wavelengths. With these four indices, the RMSEP (0.66) is among 
the lowest, while the prediction accuracy (90%) is one of the highest. These results further 
reinforce the importance of the NIR bands in grain protein prediction. These findings concur 
with the results of Basnet et al. (2003) that listed the tasselled cap greenness index (a 
transformation involving the NIR and VIS bands) as among those with the highest statistical 
association with grain protein content. Furthermore, in Wright’s (2003) study of spectral data 
and grain protein content, it was found that the simple ratio of NIR and red bands achieved the 
highest correlation coefficient (r = 0.59). 
 
The above findings highlight the need to establish the identity of the spectral bands or regions 
to use in grain protein content prediction. In this study, it appears that the VIS-NIR spectral 
regions (rather than the full spectral range) are sufficient to develop prediction models of 
acceptable accuracy (e.g. >85%). However, the possible role or importance of the moisture-
sensitive SWIR bands should be investigated further, particularly in conditions where water 
regime will become a significant factor in grain protein development. In any case, these 
considerations are important in the choice of sensors, particularly hand-held 
spectroradiometer, where there is a great difference in the purchase cost (e.g. up to $100,000) 
between the full range and VIS-NIR-only systems. 
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Figure 6. Regression coefficients for the cross-validated prediction model involving grain protein and raw 
hyperspectral values. 
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Figure 7. Regression coefficients for the cross-calibrated prediction model involving grain protein and 
spectral vegetation index (SVI) values. 
 
 
 
5. Conclusions 
 
Wheat grain protein can be predicted from proximal hyperspectral reflectance data captured 
around flowering. The high statistical associations between in-season crop canopy reflectance 
data and grain protein content at harvest have surpassed those correlation coefficients found in 
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the literature for broadband sensors. Cross-validated and tested PLS regression models 
produced low prediction errors and high prediction accuracies, confirming the usefulness of 
narrow-band spectral reflectance data in predicting grain protein. While certain wavelengths in 
the visible region were also identified, it was those bands in the NIR region that appear to have 
the most significant role in the prediction. Despite the slightly higher correlation coefficients 
of spectral vegetation indices, the predictive power for grain protein estimation of these 
indices is generally comparable with those of the raw spectra when analysed using PLS 
regression. The best performing indices were those that used simple band ratio, involving the 
spectral bands in the NIR and visible regions. 
 
The use of a portable field spectrometer can provide a means for rapid observation and digital 
recording of plant samples that can be used for grain protein content prediction. On one hand, 
the findings in this study can be extended to an approach where measurements can be GPS-
referenced so that spatial interpolation can be performed to estimate larger cropping areas 
(rather than distinct point samples). On the other hand, the use of air- or satellite-borne 
imaging spectroscopy may be used to map within-field spatial variability to enable zoning and 
to segregate grain according to its protein content at harvest. More work is needed to test 
airborne or satellite-borne hyperspectral data to see if similar prediction accuracy can be 
achieved, and to focus on investigating the effects of possible confounding factors. 
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